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Abstract
The marvel of markets lies in the fact that dispersed information is instanta-
neously processed and used to adjust the price of goods, services and assets.
Financial markets are particularly efficient when it comes to processing in-
formation; such information is typically embedded in textual news that
is then interpreted by investors. Quite recently, researchers have started
to automatically determine news sentiment in order to explain stock price
movements. Interestingly, this so-called news sentiment works fairly well in
explaining stock returns. In this paper, we design trading strategies that uti-
lize textual news in order to obtain profits on the basis of novel information
entering the market. We thus propose approaches for automated decision-
making based on supervised and reinforcement learning. Altogether, we
demonstrate how news-based data can be incorporated into an investment
system.
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1. Introduction
Market efficiency relies, to a large extent, upon the availability of infor-
mation. Nowadays, market information can be accessed easily as it comes
na¨ıvely with the prevalence of electronic markets. Then, decision-makers
can use such information to maximize the benefit of purchases and sales
(e. g. [1]). In the same context, several publications (e. g. [2, 3, 4]) study the
market reception of news announcements, finding a causal and clearly mea-
surable relationship between financial disclosures and stock market reaction.
Market reception is not only shaped by the quantitative facts embedded in
financial disclosures, but, more importantly, stock market reactions to finan-
cial disclosures are driven by qualitative information, since news is typically
embodied in text messages. In order to extract tone from textual content,
one frequently measures the polarity of news by measuring the so-called
news sentiment. This demonstrates how the narrative content of disclo-
sures [5, 6, 7, 8, 9, 10] can be harnessed to provide decision support for
investors.
While previous research [11, 12, 13, 14] succeeded in establishing a link
between news tone and stock market prices, it was not clear how the ex-
tracted sentiment signals could then be utilized to facilitate investment deci-
sions. To close this gap, this paper studies how news sentiment, as a recent
trend of decision support, can enrich news-based trading. News trading
combines real-time market data and natural language processing to detect
suitable news announcements in order to trigger transactions. Its mecha-
nisms are often part of an algorithmic trading system, while many regard
it as an enabling Decision Support System (DSS) for use in banking and
financial markets [15].
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With the increasing statistical reliability of text mining algorithms,
news vendors now actively integrate this technology into their traditional
platforms. For example, Thomson Reuters offers additional information
along with their news products, such as Thomson Reuters News Analyt-
ics (TRNA) scores, which measure the polarity and novelty of news content.
The reasons for this development predominantly result [15] from recent ad-
vances in natural language processing, coupled with cheaper computational
power and more diversified news sources. Consequently, users are motivated
to harness such a Decision Support System due to its direct gains, based
on the relative value added or the advantage of such a system compared to
existing approaches [15].
Consequently, this paper investigates how a Decision Support System
can utilize news sentiment to perform stock trading in practice. Several pa-
pers [16, 17, 18] from the DSS domain elaborate on a general system design,
but do not go as far as comparing approaches to trading signals and eval-
uating the accuracy of the resulting decisions within a financial portfolio.
Overall, our contribution is as follows: first, we implement different rule-
based trading strategies and propose the use of automated learning strate-
gies. Second, we find quantitative evidence that our news trading system
can successfully incorporate news-based data in order to make investment
decision. In addition, news-based trading benefits from incorporating other
external variables, such as price momentum, to achieve higher profits.
The scope of this Decision Support System goes beyond the scenario of
news sentiment, since it can be utilized in any situation where novel infor-
mation enters the market and triggers a subsequent response. Examples
include any firm-related information, such as press releases, earnings calls
and sales figures. Accordingly, the DSS itself does not unveil hidden patterns
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to generate excess profits. On the contrary, it relies purely on novel infor-
mation entering the market causing an adjustment of stock prices. Hence,
the profits are not the result of arbitrage [19] and unlikely to diminish to
zero-excess returns in the future according to the semi-strong form of the
efficient market hypothesis [20].
The remainder of this paper is structured as follows. In Section 2, we
review related research on news trading. Next, Section 3 describes the data
sources, as well as the news corpus, that are integrated into the sentiment
analysis to extract the subjective tone of financial disclosures. The cal-
culated sentiment values are then inserted (Section 4) into various news
trading strategies and, finally, Section 5 evaluates these strategies in terms
of their financial performance.
2. Related work
This section introduces a short description of components that are rel-
evant for a news trading system. For a thorough review and taxonomy, we
refer to the reference [15].
2.1. Benchmarks
First of all, we need to validate the performance of our trading strategies
using benchmark scenarios. Among the prevalent approaches is the use of
stock indices, as these aggregate individual stock investments weighted by
size. For example, previous research predicts the direction of stock price
movements via sparse matrix factorization based on news stories from the
Wall Street Journal [21]. Their findings reveal an accuracy of 55.7 %, which
exceeds their reference index. Further alternatives build on simple buy-and-
hold strategies of stocks with the highest historic returns.
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2.2. Transaction fees
When aiming for a realistic study, another integral part of news trading
that we need to account for is incurred transaction fees. Although prior
research has conducted trading simulations, many of these references neglect
the influence of transaction fees.
According to [22], trading strategies based on positive and negative sen-
timent can be profitable if the transaction costs are moderate. The pa-
per assumes an investor who trades in 62 stocks simultaneously based on
Reuters company news. In addition, the author considers transaction costs
and possible losses from interest rates when no endowment is considered.
The findings reveal that trades on sell-signals are more profitable but less
frequent. Here, sensitivity is studied by varying transaction costs and risk-
free interest rates but the author does not evaluate any trading strategies,
excepting the na¨ıve strategy.
A straightforward approach relies on classification rules based on risk
words [23], resulting in an average annual excess of 20 % compared to U. S.
Treasury bills. Similarly, Tetlock [12] utilizes pessimistic words and obtains
7.3 % higher returns, when compared to the Dow Jones, with the applied
trading strategy. However, all the aforementioned papers ignore transaction
fees, which, in fact, can be substantial [24].
As another example, a support vector machine using financial news
achieves an accuracy of 71 % in predicting the direction of asset returns [16].
Hence, this creates an excess return of 2.88 % compared to the S&P 500 in-
dex between October 25, 2005 and November 28, 2005.
One of the few papers that considers transaction fees also utilizes Ger-
man ad hoc announcements and achieves an accuracy of 65 % when predict-
ing the direction of returns. The average return per transaction accounts
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for 1.1 % when assuming transaction fees of 0.1 %. However, this paper [24]
relies on one basic strategy (similar to our simple news-based strategy) and
does not compare other trading strategies.
2.3. Trading strategies
The third component of a news trading system entails trading strate-
gies. Common approaches include simple buy-and-hold strategies which are
equipped with information from news [25]. The trading strategies are then
usually tested in an ex post portfolio simulation. For instance, previous
research hypothesizes that a sentiment-based selection strategy will out-
perform a simple buy-and-hold benchmark strategy, which holds all stocks
over the whole test period [26]. Another research stream develops a news
categorization and trading system to predict stock price trends [27]. Its
trading engine recommends trades, such as “buy stock X and hold it until
the stock prices hit the +d% barrier”. Similarly, a trading strategy can be
built around social media data [28] or the Google query volume [29] for
search terms related to finance. The latter variable is inserted into a simple
buy-and-hold strategy (without transaction costs) to buy the Dow Jones
index at the beginning and sell it at the end of various holding periods.
This approach yields 16 % profit, almost identical to the total gains of the
Dow Jones index in the time period from January 2004 until February 2011.
A recent research paper [30] utilizes deep learning to train an autoen-
coder of stacked restricted Boltzmann machines (RBM) to extract features
from stock movements. These are then passed into a neural network to
classify future performances. This approach yields a higher return when
compared to a basic momentum trading strategy; however, it neglects the
possible predictive power of financial disclosures.
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Related to our research is [15], who propose an architecture for a rule-
based news trading system. This system screens events with the help of
different data mining algorithms and recommends trading strategies. The
author thus provides a taxonomy of news trading; however, the mechanisms
behind the systems are not empirically evaluated.
All in all, the above references provide evidence that studying trading
strategies, with a particular focus on news content, is both an intriguing
and relevant research question for the decision support domain. Thus, this
paper aims to shed light on this research area by comparing different trading
strategies in terms of their financial performance.
3. Background
This section introduces background knowledge for both datasets and the
sentiment analysis. First, we describe the construction of the news corpus
that is used throughout this paper. We then transform this running text
into machine-readable tokens to measure news sentiment.1
3.1. Data sources
Our news corpus originates from regulated ad hoc announcements2 in
English. We choose this data source primarily because companies are bound
to disclose these ad hoc announcements as soon as possible through stan-
dardized channels, thereby enabling us to study the short-term effect of
news disclosures on stock prices. Ad hoc announcements are a frequent
choice [31] when it comes to evaluating and comparing methods for senti-
ment analysis. In addition, this type of news corpus offers several advan-
1See the online appendix for a specification of our preprocessing.
2Kindly provided by Deutsche Gesellschaft fu¨r Adhoc Publizita¨t (DGAP).
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tages: ad hoc announcements must be authorized by company executives,
the content is quality-checked by the Federal Financial Supervisory Author-
ity3 and several publications analyze their relevance to the stock market –
finding a direct relationship (e. g. [32]). Our collected announcements date
from January 2004 until the end of June 2011 (due to data availability).
We investigate such a long time period to avoid the possibility of only ana-
lyzing news driven predominantly by a single market regime – for example,
the financial crisis.
We later also integrate a stock market index into our analysis as follows:
in our analysis, the so-called CDAX index works as a benchmark which the
trading strategies need to surpass in terms of performance.4
3.2. Sentiment analysis
Methods that use the textual representation of documents to measure
positive and negative content are referred to as opinion mining or sentiment
analysis [33]. In fact, sentiment analysis can be utilized [31, 34] to extract
subjective information from text sources, as well as to measure how mar-
ket participants perceive and react to news. One uses the observed stock
price reactions following a news announcement to validate the accuracy of
the sentiment analysis routines. Thus, sentiment analysis provides an ef-
fective tool to study the relationship between news content and its market
reception [11, 12]. Let the variable S(A) give the news sentiment of an an-
nouncement A corresponding to stock i. All algorithmic details are provided
in the online appendix.
3Bundesanstalt fu¨r Finanzdienstleistungsaufsicht (BaFin).
4The CDAX is a German stock market index calculated by Deutsche Bo¨rse. It is a
composite index of all stocks traded on the Frankfurt Stock Exchange that are listed in
the General Standard or Prime Standard market segments, currently giving a total of
331 stocks.
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4. Trading strategies
The generic design of a decision support system for news trading is
depicted in Fig. 1. The system’s internal process contains two steps: first,
the system extracts the news sentiment as a measure of textual tone. This
provides an indicator of the expected return direction. Then, the second step
involves executing a trading strategy in order to render a trading decision.
Sentiment Analysis Trading Strategy
Price / 
Momentum
News Disclosure
Dictionary
Buy
Short
Hold
Expected Return 
Direction
Decision
Figure 1: Decision Support System (DSS) transforms news content into trading decisions.
This section introduces the trading strategies that serve as a founda-
tion for our analysis. Consistent with the existing literature, we start by
presenting our benchmarks, namely, a momentum trading and a portfolio
approach. These strategies derive purchase decisions solely from the his-
toric returns of assets by maximizing the so-called rate-of-change (see [25]
for details). In addition, we propose news-based trading strategies in which
investment decisions are triggered by news sentiment signals. Then, we
combine both methods and develop a strategy that utilizes both historic
prices and news sentiment. Finally, we utilize supervised and reinforcement
learning for automated learning of such rules.
When trading, we exclude all so-called penny stocks (i. e. stocks below
e 5) from our evaluation. The reason behind this is that these penny stocks
tend to react more unsystematically to trends and news announcements
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and, consequently, may introduce a larger noise component in our data.
4.1. Benchmarks: momentum trading and portfolio approach
In the subsequent algorithms, we use the following notation: let pi,t
denote the closing price of a stock i at time t. Past stock returns can be a
predictor of future firm performance. This is why we use the rate-of-change
RoCi,t =
pi,t − pi,t−δ
pi,t−δ
. (1)
as one of our benchmarks. In that case, we always pick the stock with the
highest absolute value in terms of rate-of-change and place a corresponding
buy or sell decision. In addition, we also insert the rate-of-change into a
portfolio approach of 20 stocks. That is, we always select the a uniform
share across the stocks with the highest rate-of-change and buy/short-sell
stocks accordingly. As a result, we average the returns but also the risk
across several stocks. A detailed motivation, as well as a full specification,
are given in the online appendix.
4.2. Rule-based news trading
We now focus on news sentiment in order to enable news-based purchase
decisions. In order to react to news sentiment signals, our Decision Support
System needs to continuously scan the news stream and compute the senti-
ment once a new financial disclosure is released. When the news sentiment
associated with this press release is either extremely positive or negative,
this implies a strong likelihood of a subsequent stock market reaction in the
same direction. We benefit from the stock market reaction if an automated
transaction is triggered shortly before the price adjustment.
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To achieve this goal, we specify the so-called simple news trading strategy
(the pseudocode given in the online appendix). It triggers buy and short-
sell decisions, whenever the absolute value of the news sentiment metric of
an incoming announcement exceeds a certain positive or negative threshold.
This decision is given as a condition, i. e. if S(A) is smaller than a negative
threshold θ−S or larger than a positive θ
+
S . We choose suitable threshold
values for both θ−S and θ
+
S as part of our evaluation in Section 5.
4.3. Combined strategy with news and momentum trading
The subsequent trading strategy combines the above approaches by uti-
lizing both news sentiment and historic prices in the form of momentum.
We develop this trading strategy around the idea that we want to invest in
assets with both (1) a news disclosure with a high polarity and (2) previous
momentum in the same direction. Only if both the news release and historic
prices give an indication of a development in the same direction does the
strategy trigger a corresponding trading decision (cf. online appendix for
the pseudocode).
4.4. Strategy learning
Rule-based algorithms lack the flexibility to adapt to arbitrary patterns.
As a remedy, supervised learning features such adaptability, as it can learn
patterns from data and incorporate this to improve its predictive perfor-
mance. In addition, machine learning algorithms can usually handle non-
linearity as another benefit. In contrast to rules, they can be automatically
calibrated by mathematical means, often have more degrees-of-freedom than
the above rules and thus might better adapt to the specific task.
As our default approach from machine learning, we utilize random forests,
as these perform well out-of-the-box [35]. Due to these favorable charac-
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teristics, we have decided upon random forest, but we note that they can
be replaced by any other supervised learning strategy. In fact, our goal is
merely to show the advantages of machine learning itself.5
In addition, we observe a potential dilemma: each trading decision in-
fluences the next; i. e. having bought a specific stock makes the next deci-
sion – selling or holding – dependent on the trading history. As a remedy,
we propose the use of reinforcement learning, which allows for the learn-
ing of a suitable trading sequence directly through trial-and-error experi-
ence [36]. In order to store current knowledge, the reinforcement learning
method introduces a so-called state-action function Q(st, at) that defines
the expected value of each possible action at in each state st. If Q(st, at) is
known, then the optimal policy pi∗(st, at) is given by the action at that max-
imizes Q(st, at) given the state st. Here, we use the so-called Q-Learning
method [36]. We initialize the action-value function Q(s, a) to zero for all
states and actions. Subsequently, the agent successively observes a sequence
of ups and downs from a historic dataset.
In the following, we provide details on the specification of the learning.
In case of the random forest, we use the optimal decisions based on a pre-
calculation for each news disclosure as a training dataset. These are a
categorical variable for holding the existing stock, as well as investing in
a new stock or the index. Input variables to the random forest are then
the continuous values of the sentiment, the rate-of-change of the stock,
the rate-of-change of the index, the historic performance of the index and a
penny stock dummy, all for the current and previous news disclosure. In the
case of reinforcement learning, we use two states representing the current
5We thus regard random forests as a generic prediction model that is likely to be
improved (or changed) in practical applications.
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and previous disclosure. Each encodes a combination of binary variables
denoting the sign of the sentiment, the rate-of-change, the rate-of-change of
the index and the historic performance of the index.
5. Evaluation
The above sections have presented a number of trading strategies that
differ in the way in which operations are derived; this section evaluates these
trading strategies in terms of their achieved performance. We first focus on
our benchmark strategies and then analyze their performance.
5.1. Benchmarks: stock market index and momentum trading
As our first benchmark, we choose the so-called CDAX, a German stock
market index calculated by Deutsche Bo¨rse. It is a composite index of all
stocks traded on the Frankfurt Stock Exchange that are listed in the General
Standard or Prime Standard market segments. During the period from 2004
until mid-2011, the index increased by 50.99 %, which corresponds to 5.65 %
at an annualized rate. The number of days with positive returns outweighs
the negative by 1,092 to 864.
Simple momentum trading acts as our second benchmark. This strategy
works with no data input other than historic stock prices. When historic
prices continue their trend, we can invest in the specific stock to profit
from this development. In addition, portfolio trading aggregates momentum
trading for several stocks in order to reduce the risk component, but this also
lowers the average daily returns to 0.0220 %.When looking at the histogram
of returns in Fig. 2, we see that volatility is smaller for the CDAX. The
volatility of daily returns stands at 0.013 for the CDAX index, while it is
higher at 0.020 in the case of portfolio trading and at 0.045 in the case of
momentum trading.
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Figure 2: Histogram of non-zero returns for the CDAX index (left), momentum trad-
ing (middle) and portfolio trading (right), in which the vertical bars denote the corre-
sponding mean value.
5.2. News trading
This section evaluates different variants of news trading, starting with
a simple trading strategy. This strategy triggers transactions whenever a
very positive or negative news release is disclosed.6 Thereby, the goal is to
demonstrate how news-based data can be incorporated into an investment
decision model.
What remains unanswered thus far is the value for the threshold θS
above which our news-based trading strategies carry out a purchase decision.
In order to find the optimal parameter, Fig. 3 compares the thresholds θ+S
and θ−S against the average returns. For reasons of simplicity, we measure
these thresholds in terms of quantiles of the news sentiment distribution.
We see that a threshold value of around 10 % appears in a cluster of high
daily returns and yields good results. Thus, we decided to set θ−S to the
10 % quantile (and θ+S to the 90 % quantile) of the sentiment values S(A)
in order to make this variable exogenously given. However, it is important
to stress that there are large variations in performance depending on the
6Here, we take into account only the first news release of each day and only on business
days, giving a total corpus of 1,892 disclosures.
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threshold.
Evaluating the above strategies with historic data reveals the following
findings: with the threshold set to the 10 % quantile, we gain average daily
returns of 0.4722 % at a volatility of 0.078. In addition, we include a com-
bination of news and momentum trading. This strategy leads to a lower
performance with average daily abnormal returns of 0.0335 %. However,
this strategy simultaneously reveals a reduced risk component in the form
of less volatility, which stands at 0.028.
Both strategies – namely, simple news trading and the combined ver-
sion – are further evaluated in the following diagrams. Fig. 4 depicts how
the cumulative returns develop during the first 500 business days. In other
words, this figure shows how the value of an investment portfolio evolves
over time when starting with one monetary unit. After a highly volatile
beginning (also with negative valuations), the values of both portfolios in-
crease considerably after around one year. The rise is more substantial in
the case of simple news trading in comparison to the combined strategy.
Analogously, Fig. 5 compares the distribution of daily returns. We note
an evidently higher volatility in the case of simple news trading, which is
ultimately linked to higher risks.
Both methods for strategy learning perform more trades than other
news trading strategies, i. e. a trade happens every second to third business
day. Nevertheless, both achieve among the highest average returns. While
returns are more favorable for the random forest as a supervised learning ap-
proach, we face a lower risk with reinforcement learning. We also note that
rule-based news trading features more days with profitable trades, though
these do not necessarily translate into financial gains. Apparently, strategy
learning is able to identify those days with higher returns, as is also shown
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in the histograms in Fig. 6.
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Figure 3: Comparison of threshold θ−S (and θ
+
S := 100 %−θ−S against average daily returns.
The threshold is measured as quantiles from both ends of the average news sentiment in
the corpus.
5.3. Comparison
The simulation horizon starts in January 2004 and then spans a total
of 1,956 business days. All results of our trading simulation are provided
in Table 1. Here, we evaluate how well the investment decisions of each
strategy accord with market feedback. We focus mainly on average daily
return, since cumulative returns can be misleading. The reasoning is as
follows: one wrong trade can cause performance to plummet, while a high
average daily return indicates sustained benefit. In addition, we want to
direct attention to the volatility column. These values serve as an indicator
of the level of risk associated with each strategy. Even though simple news
trading achieves higher returns, it is linked with higher volatility and higher
risks. Thus, it may be beneficial for practitioners to follow a strategy that
results in smaller returns, while also decreasing the associated risk. In
addition, we report abnormal returns which correct for concurrent market
returns (cf. the online appendix for the corresponding calculation). Median
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Figure 4: Cumulative returns of both news trading and the combination of news and
momentum trading compared across the first 500 business days.
returns appear to be 0 % as prices for certain stocks might not change every
day due to liquidity issues or a high ratio of index trades in case of median
abnormal returns.
We now compare our benchmarks to news trading in order to demon-
strate how news-based data can be incorporated into an investment decision
model. The benchmarks feature mean returns of 0.0298 % for the CDAX
and 0.0464 % for momentum trading. In comparison, news trading reaches
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Figure 5: Histogram of non-zero returns comparing simple news trading (left) and the
combined news & momentum trading strategy (right), in which the vertical bars denote
the corresponding mean value.
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Figure 6: Histogram of non-zero returns for the supervised learning in form of a random
forest (left) and the reinforcement learning (right), in which the vertical bars denote the
corresponding mean value (evaluated from years 2006 onwards, while trained with years
2004 and 2005).
0.4722 % for the simple strategy and 1.1807 % in the supervised case. This is
a visible increase, but linked with a considerably higher volatility. Interest-
ingly, we can diminish the risk component by looking at specific sectors, such
as automotive or chemicals. In both cases, we see a reduction in volatility
at the cost of decreasing mean returns. Furthermore, we note that the in-
herent prediction errors of machine learning algorithms add a further source
of noise and thus impairs the risk component compared to rules. We stress
that this point that we work with daily returns, while results might differ
for intraday returns. As a remedy, we provide a comparison with abnormal
returns in Table 1. In addition, Section 6.2 discusses generalizability and
limitations.
While we put an emphasis on raw returns, we also provide a performance
measure that incorporates simplified transaction costs. Thus, Table 1 re-
veals mean returns minus these costs. Consistent with [24, 37, 13], we use a
proportional transaction fee common in financial research – where transac-
tion costs are mostly varied in the range of 0.1 % to 0.3 % [22] – or assume a
fixed transaction fee [27] of U. S. $ 10 for buying and selling stocks. Hence,
we simulate the portfolio with a simplified transaction fee for each buy/sell
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Table 1: Comparison of benchmarks and trading strategies across several key performance
characteristics. Median returns can be 0 % as prices might not change every day due to
liquidity issues or a high ratio of index trades. The Sharpe ratio is calculated in regard
to the CDAX index.
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operation of 0.1 %, equivalent to 10 bps, in order to approximate additional
costs incurred from trading operations.7 As a result, the values might not
correlate to average returns, since we perform a portfolio simulation here,
where profitable trades and transaction costs are not necessarily uniformly
distributed. Further information on trading costs for high-frequency orders
of hedge funds can be found e. g. in [38, 39, 37].
Finally, Table 1 provides two metrics for comparing the trade-off be-
tween performance and risk. First, the coefficient of variation, measures
the volatility of returns (i. e. the risk) in comparison to the performance. A
smaller coefficient indicates a more favorable trade-off. Interestingly, both
variants of strategy learning accomplish the lowest values with 8.67 and
8.44 respectively. Second, the Sharpe ratio compares excess returns (based
on the CDAX index) in comparison of the standard deviation of returns.
Again, both learning approaches dominate in this metric, with reinforce-
ment learning being slightly better.
5.4. Statistical tests
This section provides statistical evidence that trading strategies can re-
sult in daily returns above zero. We perform both a one-sided Wilcoxon
test and a one-sided t-test. In both cases, the null hypothesis tests whether
a given trading strategy results in a zero mean value of daily returns. All
test outcomes are provided in the form of P -values in Table 2. Apparently,
several P -values are statistically significant at common significance levels.
Consequently, in these cases, we can reject the null hypothesis at the cor-
responding significance level and conclude that the trading strategies have
7A frequently used unit in finance is the basis point (bps). Here, one unit is equal to
1/100th of 1 %, i. e. 1 % = 100 bps.
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an above-zero mean of daily returns. This is particularly true for both
simple news trading and supervised learning, providing that news trading
yields statistically significant returns. This essentially identifies methods
by which news-based data can be leveraged by a decision-making model for
investments.
Table 2: Statistical tests to validate the hypothesis that daily returns are above zero
(without transaction costs; based on strategies from Table 1).
Trading strategy Daily returns
(mean)
Wilcoxon test
one-sided
(P -value)
t-test
one-sided
(P -value)
Benchmarks
CDAX index 0.0298 % 0.0031∗∗ 0.1593
Momentum trading 0.0464 % 0.7803 0.3241
Portfolio trading 0.0220 % 0.0052∗∗ 0.3147
News trading
Simple news trading 0.4722 % 0.0025∗∗ 0.0052∗∗
Sector: automobile 0.0116 % 0.4809 0.4448
Sector: chemicals 0.0184 % 0.2646 0.3820
Combination news & momentum 0.2001 % 0.0326∗ 0.0050∗∗
Strategy learning
Supervised learning 1.1807 % 0.0000∗∗∗ 0.0000∗∗∗
Reinforcement learning 1.1506 % 0.0000∗∗∗ 0.0000∗∗∗
Statistical significance levels: ∗∗∗0.001, ∗∗0.01, ∗0.05
We repeat the analysis for the case of abnormal returns. Hence, the null
hypothesis tests whether a given trading strategy results in a zero mean
value of daily abnormal returns. All test outcomes are provided in the form
of P -values in Table 3 (only for those with above-zero mean). Apparently,
several P -values are statistically significant at common significance levels.
Consequently, in these cases, we can reject the null hypothesis at the cor-
responding significance level and conclude that the trading strategies have
an above-zero mean of daily abnormal returns. Here, we see such outcomes
for simple news trading, supervised and reinforcement learning. All indi-
cate that news-based data can be a viable input for an investment decision
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model.
Table 3: Selected statistical tests to validate the hypothesis that daily abnormal returns
are above zero (without transaction costs; based on strategies from Table 1).
Trading strategy Daily abnormal
returns
(mean)
Wilcoxon test
one-sided
(P -value)
t-test
one-sided
(P -value)
News trading
Simple news trading 0.4197 % 0.0167∗ 0.0126∗
Combination news & momentum 0.0335 % 0.9387 0.3292
Strategy learning
Supervised learning 1.0948 % 0.0000∗∗∗ 0.0000∗∗∗
Reinforcement learning 0.7708 % 0.0000∗∗∗ 0.0009∗∗∗
Statistical significance levels: ∗∗∗0.001, ∗∗0.01, ∗0.05
5.5. Example
This section demonstrates our Decision Support System in a live setup.
For demonstration, we use the ad hoc announcement titled “SAP AG: SAP
Announces Record Fourth Quarter 2010 Software Revenue”, which was re-
leased on January 13, 2011 4:44 p. m. by SAP AG.8 Its sentiment S(A)
accounts for 4.0699 × 10−5; thus indicated an overall positive content. De-
pending on the current state, the system can decide between investing into
the current stock, holding the previous one or following any benchmark
strategy. Accordingly, we present the stock price of SAP and the CDAX
index in Figure 7, while the index is normalized to match the price of the
stock on the day prior to the disclosure. Apparently, the SAP stock shows
a large jump in price due to the arrival of this announcement and it even
outperforms the market during the subsequent days. The stock price jumps
8Available from http://www.dgap.de/dgap/News/adhoc/
sap-sap-veroeffentlicht-rekordergebnis-fuer-softwareerloese-quartal/
?newsID=655932; last accessed April 18, 2016. There are a total of 11 announce-
ments released on January 13 and the DSS might thus pick any of it or follow our
evaluation above and only consider the first.
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by 3.98 % on the day of the disclosure, while the CDAX reference index
remains fairly constant. As a result, we observe an abnormal return of
3.79 %.
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Figure 7: Plot shows the price curves in an exemplary setting. The day of the ad hoc
announcement is shaded in gray background. The sample stock (i. e. SAP) increases in
price as a result of the news, similar to the CDAX index (which has been normalized to
the price of the stock before the news disclosure).
In addition, Table 4 provides a comparison of the trading decision. Both
the benchmarks and rule-based trading cannot generate any profits on that
disclosure day. However, both learned strategies recommend to invest in
the stock and thus achieve a positive return on the disclosure day.
6. Discussion
This section provides a discussion of managerial implications and limi-
tations.
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Table 4: Comparison of different strategies based on SAP disclosure from January 13,
2011. Returns in parenthesis are based only on that specific stock ignoring interference
from subsequent trades.
Trading strategy Return on disclosure day Return across 10 days
CDAX index 0.00 % 5.51 %
Momentum trading 0.00 % 2.47 %
Portfolio trading −0.11 % −2.60 %
Simple news trading −1.40 % −11.57 %
Combination news & momentum 0.04 % −10.28 %
Supervised learning 3.98 % (5.52 %)
Reinforcement learning 3.98 % (5.52 %)
6.1. Managerial implications
This paper aims to develop the core functionality of an automated sys-
tem for triggering news-based trading decisions. Although it is part of a
larger algorithmic trading system, the system is often regarded as a Deci-
sion Support System [15]. In the above evaluation, such a system demon-
strated that news trading can yield a profitable scenario. In practice [15],
this kind of Decision Support System may consist of 10 to 100 data/text
mining algorithms. Text mining algorithms have lately contributed to the
reduction of market noise from news by extracting only the relevant events
from the overall news pile [40]. As a consequence, all model parameters
must frequently be calibrated to the latest datasets.
One of the challenges remaining is that of the information quality of
news. Although news plays a significant role in driving stock prices, it still
leaves a large portion of noise [13]. This inevitably results in unpredictable
and possibly reduced market reactions when signals are unclear [41]. Differ-
ent data sources might provide further insights into the costs of additional
noise. For example, innovative news sources [15, 28], such as social me-
dia like Twitter, offer a massive volume of new textual materials, which
are published quickly and without quality control. Related approaches also
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incorporate Google query volume for search terms related to finance [29]
and Internet stock message boards [11]. Each of these sources has its own
advantages, but practitioners are likely to implement a combination. Re-
gardless, we need a remedy that works reliably even when facing noisy data.
To overcome this challenge, we propose news-trading strategies in the form
of rule-based algorithms and strategy learning that show a low-risk compo-
nent.
The above research opens up several other research streams. The pro-
posed Decision Support System with its trading strategies can also be highly
relevant for high-frequency trading [42] and provides valuable insights for
this adjacent discipline, relying purely on automated trading algorithms.
News trading also intersects with portfolio management problems [43, for
example], in which investors make decisions about which portfolio to hold
on an ex-ante basis without knowing future returns. Though these returns
are unknown, market participants make decisions and execute transactions
based on their expectations of the market.
Managers on the road to implementing such news trading systems can
choose between a vast number of options. However, we have seen that
functional verifications are rare. It is, therefore, “no surprise that news
trading remains highly specialized and continues to be based on disparate
decision-making tools and analytical models” [15].
6.2. Generalizability and limitations
Caution needs to be exercised when transferring the previous results
into practice. Therefore, we discuss limitations and generalizability in the
following. Our paper aims at proposing and evaluating a Decision Support
System with novel trading strategies based on machine learning in order to
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decide whether to buy the stock belonging to the news disclosure or invest
in an alternative benchmark.
Our intention is not to unravel trading signals in the first place but
rather to compare strategies that convert signals into financial gains. For
that reasons, we focus purely on the arrival of new information and its
corresponding effect on the market. For instance, Figure 8 depicts stock
market response to ad hoc announcements, where new information causes
non-zero average returns. With perfect prediction, one can potentially turn
all positive and negative returns into financially rewarding trades. In ad-
dition, the content of ad hoc announcements is required to be novel and
relevant for the stock market. The corresponding concept is formalized in
the semi-strong form of the efficient market hypothesis according to which
stock prices adapt upon the disclosure of novel information [20]. Accord-
ingly, stock prices changes will remain even when more players trade on
news signals; however, it affects how profits are distributed among them.
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Figure 8: Histogram of returns (left) and abnormal returns (right) on the day of the
disclosure, where the vertical bars denote the corresponding mean value.
The Decision Support System can work in any situation where novel
information enters the market and triggers a response in stock prices. Hence,
one can adapt the DSS by replacing the sentiment variable with any numeric
value specifying the positivity of the information. Examples can be come in
26
the form of more macro-economic announcements (e. g. regarding interest
rates, unemployment rates) or firm-specific disclosures (e. g. earnings calls).
In contrast, other works focus on revealing unknown variables or pat-
terns. Such objectives are frequently termed data dredging or data snooping,
which utilize data mining to uncover patterns in data [44]. These test nu-
merous variables and combinations thereof to identify predictors that might
show a correlation with future stock returns [45]. However, one needs to
be careful to circumvent a look-ahead bias, i. e. using variables that were
not present at the time of the trade [46]. Such predictors frequently re-
veal only a limited return predictability. For instance, a recent study [19]
tests portfolio returns for 97 variables assumed to predict cross-sectional
stock returns. Examples of such variables include analyst values, bid-ask
spread, turnover, investments and tax, but not the arrival of news. The
findings show that returns drop once the predictor has been published in
a academic journal indicating that investors adapt to mispricing and thus
diminish excess profits.
Hence, the DSS shows a possible path to reaping financial benefits from
the arrival of new information. However, this entails several practical re-
quirements and challenges. First of all, the corresponding stocks need to
be highly liquid in order to place larger orders (and define the order book
accordingly [47]). In addition, hedge funds need highly sophisticated an-
alytical framework (to predict the market response based on the novel in-
formation) and the necessary IT infrastructure. The latter means high-
performance servers and low-latency network connections in direct prox-
imity to the stock exchange as automated traders currently trade on news
releases and place orders within milliseconds (cf. [48]). For the same rea-
sons, huge initial expenditures are necessary for new hedge funds to enter
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the market where automated traders already operate. Finally, competi-
tion is likely to affect how information is processed and demands constant
advances regarding the technological and analytical infrastructure, thus lim-
iting potential profit.
7. Conclusion and outlook
Although it is a well-known fact that financial markets are very sensi-
tive to the release of financial disclosures, the way in which this information
is received is far from being studied sufficiently. Not until recently have
researchers started to look at the content of news stories using very simple
techniques to determine news sentiment. Typically, these research papers
concentrate on finding a link between the qualitative content and the subse-
quent stock market reaction. To harness this relationship in practice, news
trading combines real-time market data and sentiment analysis in order to
trigger investment decisions. Interestingly, what previous approaches all
have in common is that they rarely study and compare trading strategies.
As a remedy, this paper evaluates algorithmic trading strategies within
a Decision Support System for news trading. We thus propose and compare
different variants (such as supervised learning and reinforcement learning)
for strategy learning in order to enhance news-based trading. As a result,
our Decision Support System can make profitable investment decisions by
utilizing news-based data. However, the inherent prediction errors of these
methods imply a certain degree of risk. Altogether, we contribute to the
understanding of information processing in electronic markets and show how
to enable decision support in financial markets.
This paper opens avenues for further research in two directions. First,
a multi-asset strategy could be beneficial in spreading risk. To model such
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a strategy, intriguing approaches include Value-at-Risk (VaR) measures, as
well as techniques from portfolio optimization. Second, it is worthwhile to
improve the forecast of asset returns by including a broader set of exoge-
nous predictors. As such, possible external variables might include stock
market indices, fundamentals describing the economy and additional lagged
variables. Further enhancements would also result from embedding innova-
tive news sources, such as social media. In addition, practitioners might be
interested in gauging financial gains when repeating this study with intra-
day returns or more realistic transaction costs. Altogether, the accuracy of
predicting stock return directions and triggering beneficial trading signals
would be greatly improved through such refinements.
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